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Abstract: The ability of the WRF-ARW (Weather Research and Forecasting-Advanced Research
WRF) model to forecast extreme rainfall in the Central Andes of Peru is evaluated in this study,
using observations from stations located in the Mantaro basin and GOES (Geostationary Operational
Environmental Satellite) images. The evaluation analyzes the synoptic conditions averaged over
40 extreme event cases, and considers model simulations organized in 4 nested domains. We first
establish that atypical events in the region are those with more than 27 mm of rainfall per day when
averaging over all the stations. More than 50% of the selected cases occurred during January, February,
and April, with the most extreme occurring during February. The average synoptic conditions show
negative geopotential anomalies and positive humidity anomalies in 700 and 500 hPa. At 200 hPa,
the subtropical upper ridge or “Bolivian high” was present, with its northern divergent flank over
the Mantaro basin. Simulation results show that the Weather Research and Forecasting (WRF) model
underestimates rainfall totals in approximately 50–60% of cases, mainly in the south of the basin
and in the extreme west along the mountain range. The analysis of two case studies shows that the
underestimation by the model is probably due to three reasons: inability to generate convection in
the upstream Amazon during early morning hours, apparently related to processes of larger scales;
limitations on describing mesoscale processes that lead to vertical movements capable of producing
extreme rainfall; and limitations on the microphysics scheme to generate heavy rainfall.
Keywords: central Andes; extreme precipitation events; synoptic conditions; model configuration;
model verification; mesoscale processes; Mantaro basin; WRF
1. Introduction
Most of the rains in Peru are concentrated in the period between the months of September and
April [1], defining a marked seasonality, with a dry season between May and August [2–4]. In general,
rainfall plays a decisive role in agriculture in any region of the planet, and in the specific case of the
Mantaro Basin of the central Andes of Peru, 71% of the arable land depends on the rainfall regime [5].
Having an accurate forecast of rainfall thus allows for a more adequate use of water resources, but also
mitigates losses when extreme precipitation occurs, depending on the magnitude over a given period
of time. The present investigation is directed to the forecast of extreme rainfall in the aforementioned
region. In this area, the most intense rains occur during the rainy season, when deep-tropospheric
moist air masses flow into the mountain ranges from the Amazon and converge during the afternoon,
aided by valley and mountain circulations.
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Extreme rainfall is that which, depending on the type of classification, exceeds a certain threshold
for a specific region, either for a specific period of the year or independently from it. For example, in the
case of Spain, where several authors have dealt with the issue of the intensity of extreme rainfall [6–8],
the State Meteorological Agency considers “Moderate rain” to be between 2.1 and 15 mm/h; strong,
between 15.1 and 30 mm/h; very strong, between 30.1 and 60 mm/h; and torrential when it precipitates
more than 60 mm in one hour. Harnack in [9], for example, defined heavy rainfall episodes as those
that had more than 51 mm of precipitation over an area of 10,000 km2 in a period of 1–2 days. Thus,
the classification of extreme rainfall is subjective, but is generally based on regional climatologies.
The Peruvian Meteorological and Hydrological Service (SENAMHI) considers as “moderately
rainy” those days (7:00 a.m.–7:00 a.m.) that exceed the 75th percentile but do not reach the 90th
percentile, considers as “rainy” days where rainfall exceeds the 90th percentile but not the 95th
percentile, and “very rainy” days those exceeding the 95th percentile, calculated from days with
accumulated precipitation higher than the threshold of 1 mm [10]. For this work, a case was considered
an “extreme” rainfall when at least one third of the stations recorded rainfall greater than the 90th
percentile of its distribution.
Precipitation, like almost all meteorological variables at present, is predicted with the aid of global
or regional numerical forecast models. In this paper, we evaluate the ability of the Weather Research
and Forecasting model (WRF) [11] to forecast extreme short-term rainfall in the selected region, based
on the classification adopted by SENAMHI.
The WRF model, developed as a collaboration of different institutions of the United States of
America, is widely used in operational works and for research purposes, and is well-represented in
international scientific literature. Thus, many works can be found about this model, particularly
sensitivity studies about the influence of their physical schemes or domains resolution, special
studies to assess its skill to reproduce particular extreme events in different regions, and other
specific issues [12–17].
In this work, Section 2 describes the datasets and methodology, including the source of the rainfall
data and the gridded data used for the synoptic analyzes, as well as the applied verification method.
Section 3 shows the obtained results. In Section 3.1, a statistical description of the selected precipitation
events is introduced, which includes the distribution of the number of cases and the maximum values
recorded by months, as well as the distribution of the number of events for different precipitation
intervals and a box diagram. In Section 3.2, the synoptic patterns associated to the rain events taken
for the study are shown, including the maps of geopotential, wind, and relative humidity at different
levels, as well as the anomalies of their average fields during the cases of extreme rainfall relative
to the average fields for the rainy season in Peru. Although it is not the objective of the present
investigation, it is useful to dedicate a space to the synoptic patterns associated with extreme rainfall
events, since it is the general circulation that gives rise to the basic conditions of the different weather
states, and they even condition the local circulation. This has been discussed for South America
in [18–20]. Statistical results about the model’s ability to detect extreme rainfall, including two case
studies, are presented in Section 3.3.
2. Data and Methods
2.1. Analyzed Heavy Precipitation Events
Precipitation data were taken from 30 meteorological surface stations of the official database of
the meteorological observations network of SENAMHI, whose geographical distribution is shown
in Figure 1. In order to select the cases, the applied criterion was that the 24 h rainfall recorded in
a station exceeded the 90th percentile of its climatology, and this holds at least in one third of the
stations. This condition was introduced to ensure that precipitation has not been a very local process.
The selected cases are shown in Table 1.
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Figure 1. Spatial distribution of the observation network stations.
Table 1. Dates of cases of extreme rainfall selected for the study.
Fechas
7 April 2009 4 April 2010 17 February 2011 10 December 2011
8 April 2009 4 December 2010 12 March 2011 14 December 2011
11 April 2009 7 January 2011 13 March 2011 25 December 2011
22 November 2009 14 January 2011 21 March 2011 6 February 2012
28 November 2009 22 January 2011 29 March 2011 28 February 2012
17 December 2009 25 January 2011 1 April 2011 4 April 2012
10 January 2010 29 January 2011 5 April 2011 22 April 2012
7 April 2009 4 April 2010 17 February 2011 10 December 2011
8 April 2009 4 December 2010 12 March 14 Dec mber 2011
11 April 2009 7 January 2011 13 March 2011 25 Dec mber 2011
The average synoptic conditions associated to the extreme rainfall events at 1200 UTC (Universal
Time Coordinated) over the period 1981–2017 were described using gridded reanalysis data from the
National Cent for Environmental Pr iction and Atmospheric Research [21].
2.2. Meteorological Forcing Data, Domains, and Model Configuration
The experiments were conducted ith the model WRF_ARW V.3.7 for 40 selected cases of
extreme rainfall. The initial and boundary conditions were taken from the Global Operational Final
Analyses (FNL) of the National Center of Environmental Prediction (NCEP) (available online at
https://rda.ucar.edu/datasets/ds083.2/), which has a temporal resolution of 6 h and a horizontal
resolution of 1◦ × 1◦.
The model topography was constructed with the topographic dataset of the digital elevation
model of the Shuttle Radar Topography Mission (available online at SRTM; https://dds.cr.usgs.gov/
srtm/version2_1/), which has a resolution of 90 m [22,23].
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The simulations were produced for four domains (Figure 2), whose characteristics are specified
in Table 2. It should be noted that D4 only covers 7 of the 30 stations considered. The nesting was
built by applying the unidirectional technique, where the external domain provides boundary data
to the internal domain, but there is no feedback. The model was initialized at 00 UTC for all cases
(approximately between 14 and 16 h before the expected onset of convection) with a forecast horizon
of 36 h.
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The parameterization schemes were selected based upon previous works [17] and considering
results under similar conditions of complex orography in tropical regions [24–27]. Accordingly,
the Morrison scheme was used for microphysics [28]; The YSU (Yonsei University Scheme) scheme,
described in [29], was used for the boundary layer; and the MM5 Similarity Scheme [30–34] for the
surface layer. The RRTMG (Rapid Radiative Transfer Model) [35], was used as a radiation model,
and the Grell-Freitas scheme for convection [36]. The soil model was the so-called Unified Noah
Land Surface Model [37]. In this sense, Weisman et al. in [38], considered that organized convective
structures could be explicitly solved with grids spacing finer than 4 km. However, Molinari and
Dudek in [39] argued that the use of explicit methods only transfers the problem to microphysical
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schemes and turbulence. A short experiment conducted in [17] for the present study region found that
choosing whether or not to deactivate the cumulus parameterization scheme was irrelevant. Belair and
Mailhot in [40] found that the resolution of 2 km, with an explicit scheme for cumulus, significantly
overestimated the precipitation for a line of convective instability. Something similar was obtained
in [41]. Since the studies cited above lean towards deactivation at high resolutions, the cumulus
parameterization scheme was deactivated for the 3 and 0.75 km domains.
2.3. Model Verification
Verification of the results was applied to 24 h precipitation accumulations, using numerical
descriptive statistical metrics: bias (B), root mean squared error (RMSE), and mean absolute error
(MAE). In this case, model output was compared with observed precipitation. For this, the 40 modeled
output data were interpolated to the station grid points using the Cressman method, that is, a simple
and computationally fast method which is generally more accurate than other similar methods.
However, this method can produce unrealistic edges in the grids near the edges of the spatial
domain [42]. To avoid this problem, the domains in the present investigation were built in such
a way that the stations considered were far from their borders. This verification method will henceforth
be called point verification.
An additional experiment (independent of the 40 cases) was conducted to determine the
relationship between the model bias and the observed precipitation. The objective was to define
the point of change of the model bias’ sign and to know from which threshold, on average, the model
would begin to underestimate accumulations. For the experiment, 9 sets of data belonging to the rainy
period were considered, each with a forecast horizon of 10 days. The periods were selected so that
they contained rainy and less rainy days in order to try and find the threshold value for which the
model began to underestimate rainfall. These were selected between the months of December and
February of the years 2007, 2009, 2010, 2011, and 2012. This period includes rainy years (2010 and
2011), and less rainy years (2007, 2009, and 2012). Also, as the data were taken from a 10-day forecast,
it was considered that the bias remained relatively stable over time during the whole period [17].
The selected ten-day periods are listed below:
First ten of January of 2007.
Second ten of January of 2007.
Second ten of February 2007.
Third ten of December 2007.
Second ten of February 2009.
First ten of February 2010.
Third ten of February 2010.
Third ten of January 2011.
First ten of February 2012.
In addition, considering the results of the general statistical analysis of the research, it was decided
that two experiments would be carried out with case studies, with the objective of investigating the
causes of the processes that gave rise to extreme events with a greater level of detail. In that sense,
the events of 11 February 2011 and 22 March 2009 were selected, in which the model significantly
underestimated the recorded rainfall. To enhance the inter-comparison exercise, infrared GOES satellite
images were evaluated in addition to the use of the station precipitation observations.
3. Results and Discussion
3.1. Extreme Rainfall in the Mantaro Basin
Figure 3 shows the monthly distribution of the 40 cases selected for the study. Eight cases
occurred in the months of January, February, and April, 6 in December and March, and 4 in November.
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The January and February cases coincided with the rainiest period of the year. Figure 4 further shows
that the most extreme events in terms of single-station 24 h accumulated precipitation occurred in
these two months.
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Figure 5 shows the box diagram of the extreme rainfall series considered in the investigation,
in which it can be observed that the distribution is asymmetric and that precipitation values above
27 mm are approximately atypical. A daily rainfall value was considered as an outlier if it was two
standard deviations greater than the mean value.
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Figure 5. Histogram (a) and box diagram (b) of the network-averaged extreme rainfall observation
series considered in the investigation. In the box diagram, the whiskers correspond to maximum
and minimum values, excluding outliers. The box shows the standard deviation and the line is the
mean value.
The spatial distribution of the mean and maximum accumulations registered is shown in Figure 6.
Here, the outliers were removed to calculate the means, as in Figure 5b. In this case, it is evident that
the maximum records are concentrated towards the southern half of the basin. The maximum value
(57.8 mm) was recorded in Tunelcero, precisely where the southernmost station is located, and in the
region of the western mountain range.
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in m/day.
3.2. Synoptic Climatology Associated with the 40 Extreme Rainfall Events Cases Selected
Synoptic climatology charts were constructed with NCEP-NCAR (National Centers for
Environmental Prediction-National Center for Atmospheric Research) reanalysis data by averaging
over the 40 extreme rainfall event cases selected. Corresponding anomaly charts were then calculated by
removing rainy season climatologies calculated over the 1981–2017 period. The findings are discussed
in the following.
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Figure 7 shows 500 and 700 hPa geopotential height composites, which are consistent with the
associated flow charts shown in Figure 8. An analysis of both levels suggests that, during extreme
rainfall events, the mid-tropospheric ridge lies displaced to the south and east, forming a cell in eastern
Brazil and another over southern Altiplano. This mid-tropospheric geopotential and associated flow
pattern stimulates the inflow of Amazonian air masses, generally moist, into the Andes of south and
central Peru. To confirm this, the corresponding average (a) and anomalous (b) relative humidity
fields of the 700–500 hPa layer are presented in Figure 9. These reflect high values over Peru and
the western half of Brazil. Relative humidity anomalies lie in the 8–12% range in the southern half
of Peru and in upstream regions of the Amazon. These results suggest that the combination of
large-scale geopotential/flow anomalies and the presence of moist air masses over and upstream of the
central Andes of Peru are linked to an increase in precipitation in the Mantaro Basin. Here, moisture
transport from the Amazon can play an important role [43]. Figures 7b,d,e and 8a,b also shows
a mid-tropospheric trough that extends from the tropical eastern Pacific further into the west coasts of
Peru and northern Chile. The corresponding anomaly charts show anomalous low heights over central
Peru, with a large area of negative height anomalies exceeding 6 and 3 m at 700 and 500 hPa respectively.Atmosphere 2018, 9, x FOR PEER REVIEW  8 of 20 
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3.3. WRF Ability to Detect Extreme Rainfall
Table 3 shows the sta stics of the verification exercise co ducted to obt in the paramet r B,
RMSE, a d MAE for the four simulated domains. It can be seen that the model underestim tes
precip tation in ge eral with all omains, with the largest being negative B of−11.74 mm/day, domain
(D3), although in gen ral ther is great difference b tween the results of the d mains except domain
D1, of 18 km. It is striking that this domain is the one with the smallest errors—however, in a general
verification to evaluate the sensitivity of the model to physical schemes, ref. [17] showed that the
resolution domain of 18 km was the one that produced the most precipitation, thus overestimating
the recorded rainfall values. It can thus be deduced that in these cases of significant precipitation,
this domain (this resolution) is closest to the extreme values. Here, we cannot rule out the fact that
the used verification method forces the model to be more precise in the higher resolution domains,
which puts them at a disadvantage in relation to the lower resolution domains. In general, the model
underestimates approximately between 50% and 60%.
Table 3. Statistics of verification for the 4 simulated domains, average of all stations. In parentheses are
the percentages of underestimation.
Statistics D1 D2 D3 D4
B (mm/day) −9.40 (49.5%) −11.07 (58.3%) −11.74 (61.8%) −11.71 (61.6%)
RMSE (mm/day) 11.68 13.14 12.86 12.60
MAE (mm/day) 13.95 15.14 15.07 14.51
Figure 12 shows the spatial distribution of bias (% of underestimation) for results with domains
of 18, 6, 3, and 0.75 km of resolution, with the peculiarity that the 0.75 km domain only covers the
area of the Mantaro Valley. In general, in a, b, and c it is observed that the model underestimates
the precipitation mainly in the southern half of the basin, precisely where the accumulated ones
(as an average) are more significant. In the case of the 0.75 km domain, there are no clear trends in the
distribution of B. Notice that domain D4 includes only 7 stations.
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Thus, it can be tentatively concluded that WRF underestimates the accumulated precipitation
in 24 h for a forecast horizon of up to 36 h, while previous studies show that the model generally
overestimates the accumulated precipitation in the region [15,17]. To address this problem, the special
experiment mentioned above was conducted. The results (Figure 13) show that when rainfall is
greater than approximately 11 mm, the model shows a tendency to underestimate it, as shown by the
second-order fit curve (red line in the figure). This is also consistent with Figure 14, which shows that
there is registered rainfall above 12 mm for approximately 95% of cases of extreme rainfall. It can be
noticed in the Figure that from 28 mm onwards, the bars practically do not grow, which in agreement
with Figure 5, showing that precipitation events with rainfall values above this threshold are atypical.
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Figure 13. Bias curve of the Weather Researc Forecasting (WRF) model r lative to observed
precipitation. The red line shows its second-order polynomial fit curve.
Atmosphere 2018, 9, 362 12 of 20
Atmosphere 2018, 9, x FOR PEER REVIEW  11 of 20 
 
Statistics D1 D2 D3 D4 
B (mm/day) −9.40 (49.5%) −11.07 (58.3%) −11.74 (61.8%) −11.71 (61.6%) 
RMSE (mm/day) 11.68 13.14 12.86 12.60 
MAE (mm/day) 13.95 15.14 15.07 14.51 
Thus, it can be tentatively concluded that WRF underestimates the accumulated precipitation in 
24 h for a forecast horizon of up to 36 h, while previous studies show that the model generally 
overestimates the accumulated precipitation in the region [15,17]. To address this problem, the special 
experiment mentioned above was conducted. The results (Figure 13) show that when rainfall is 
greater than approximately 11 mm, the model shows a tendency to underestimate it, as shown by the 
second-order fit curve (red line in the figure). This is also consistent with Figure 14, which shows that 
there is registered rainfall above 12 mm for approximately 95% of cases of extreme rainfall. It can be 
noticed in the Figure that from 28 mm onwards, the bars practically do not grow, which in agreement 
with Figure 5, showing that precipitation events with rainfall values above this threshold are atypical. 
 
Figure 13. Bias curve of the Weather Research and Forecasting (WRF) model relative to observed 











418 423 429 430 431 432 433


















Figure 14. Cumulative frequency histogram of cases of extreme precipitation relative to recorded rainfall.
3.4. Case Studies
Two case studies were investigated to explore the processes leading to the significant rainfall
underestimations observed in the model simulations, which were in the order of 60% and 82.7% for
the cases of 2 February 2011 and 22 March 2009, respectively. The results in both cases will be shown
for D2.
In the Case of 2 February 2011, Figure 15 shows values of relative humidity, water-vapor mixing
ratio, and wind in the 700–500 hPa layer. It is possible to observe relative humidity values above 70%
over the entire territory at both 07 and 13 LST, and moisture transport in the middle troposphere from
the Amazon, where values of mixing ratio between 5 and 8 g/kg are observed. Notice how at 13 LST,
the water-vapor content over the basin is higher than that which existed at 7 LST, while the relative
humidity, though normal, decreased towards midday.
Figure 16 shows the corresponding vertical velocity field averaged over the 600–400 hPa layer
and extended into overnight hours. It shows upward motion in the western sector of the Mantaro
basin, which increases towards 19 and 22 LST. The ascent encompasses large areas of the Mantaro
basin and a large part of the Peruvian Andes range and Amazonia during the entire period.
Corresponding to this, the model max-reflectivity values (it is the variable for equivalent radar
reflectivity in the model) also increase after 16 LST, initially in the western sector of the basin and
gradually along the mountain range and towards the Amazon, remaining until 04 LST the next day
(Figures 17 and 18). This means that although the vertical velocity decreases in the early hours of the
morning, the convective cloudiness remains over the region.
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Note that in Figures 17 and 18, the highest reflectivity initially develops in the southwest sector
of the basin with punctual values approximately up to 30 dbz. It then extends over the mountain
range during the afternoon and into the Amazon during the night, reaching values above 35 dbz and
gradually decreasing in the northern half of the basin. However, the GOES images show very cold
brightness temperatures to the east of the Mantaro basin (not reflected by the model), which gradually
approach the basin during the afternoon and are later mixed with the convective lines formed in the
vicinity of the basin. The key point is that the model manages to accurately describe the formation
of convective clouds over the basin, conditioned by the convergence of easterly and westerly winds
in the middle troposphere over the region. However, it does not reproduce early convection at
Amazonia, whose propagation towards the basin is assumed to be essential to sustain the large values
of accumulated precipitation observed in the region.
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In summary, the underestimation of the model in this case could be a consequence, among other
things, of not being able to detect the precipitation areas that originated in the eastern sector of the
basin and later providing moisture and vertical motions, resulting in afternoon convection in the
Mantaro basin. It may also be related to the fact that the microphysical scheme does not generate
enough precipitation, though this requires additional testing.
In the second case (22 March 2009), of which figures are not shown, the results obtained were
similar to the previous case. An area with significant brightness temperatures along the ridge in the
western sector of the basin could be seen from GOES images, and as in the previous case, convective
cells could be observed in the Amazonia from the early hours, which the model was unable to
resolve. The results of both case studies suggest that underestimation is partly tied to limitations
of the model in resolving Amazonian convection in the early morning hours, apparently related
to larger-scale or synoptic processes. Another influential factor could be the mesoscale conditions,
which, although the model describes it quite accurately, might not be precise enough to generate
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vertical movements capable of producing convection and associated precipitation. A third element
could be the microphysical scheme and its ability to generate correct accumulated precipitation in
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The obtained results are consistent with studies conducted in other similar regions. For example,
Orr et al. [25] studied the sensitivity of WRF to different parameterization schemes of cloud
microphysics when simulating the summer monsoon in Langtang Valley, in the Himalayas.
They showed that the parametrization schemes underestimated observed rainfall accumulations,
although the forecast horizon may have also influenced this to a certain extent. In that case, the best
results were obtained with Morrison’s microphysics scheme, the same one used in the present work.
On the other hand, another study analyzed the sensitivity of the model to microphysics [26],
based on the study of a convective storm over the Himalayas (where the comparison was made using
data from TRMM and “in situ” observations), and showed a negative bias of the model in all cases.
In this case, Morrison’s scheme was also the closest to the observed values.
However, although Mercader et al. [12] has already obtained that for point verification though
with different parameterization schemes, WRF is not reliable in precipitation forecasting when
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accumulations are above the threshold of approximately 10 mm. For this, they used the Fractions Skill
Score (FSS) developed in [44].
In a different study [45], sensitivity experiments were carried out with the combination of
two cloud clusters and three microphysical schemes for heavy rain that occurred between 28 and
30 May 2010 on the coast of Guyana, which resulted in large differences in the simulations of
intense precipitation events between the cumulus schemes, despite using the same initial and contour
conditions and model configuration. In general, the model underestimated the level of precipitation.
Authors in another study [46] affirm that WRF can be used satisfactorily for weather prediction, but not
for simulating precipitation in areas with complex topography, where it shows problems in forecasting
rain events in the mountainous terrain of Chile and foothills, where some of the main cities are and
where intense rain takes place.
Thus, despite the fact that other studies have shown that WRF overestimates precipitation in this
region, the model presents a negative bias for extreme rainfall events. This is consistent with other
results for mountain ranges, particularly in the Himalayas and Chilean Andes.
4. Conclusions
This study evaluated the ability of the Weather Research and Forecasting model to forecast extreme
short-term rainfall in the Mantaro Basin, in the Peruvian central Andes. Based on the classification of
extreme rainfall adopted by SENAMHI, 40 events were selected from observations collected during
the period of 2009–2012. WRF-model simulations were carried out using 4 nested domains with
horizontal resolutions of 18, 6, 3, and 0.75 km. The selected parametrization schemes included the
Grell-Freitas scheme for cumulus, Morrison for microphysics, and Yonsei University for the boundary
layer. Point verification was conducted using simple statistics to compare model rainfall to data
collected by the SENAMHI observation network. Additionally, the distribution of the model rainfall
bias was explored. Two case studies were then analyzed to investigate the processes that may lead to
these events in more detail.
Of the selected extreme events, 8 cases were distributed in January, February, and April;
6 in December and March; and 4 in November. Events with rainfall greater than 27 mm were considered
atypical, suggesting that the distribution of the series was asymmetric. The spatial distribution of the
average and maximum observed rainfall accumulations during the events showed that the highest
intensities were concentrated towards the southern half of the basin.
Synoptic analysis of the extreme-event composites suggested that factors associated with heavy
rainfall in the Mantaro basin include: (i) moist inflow from the Amazon in the mid-troposphere,
characterized by an enhanced northeasterly wind component in southern and central Peru;
(ii) ventilation in the northern flank of the subtropical upper ridge or Bolivian high; and (iii) low
pressures in the low–mid troposphere, which enhance diurnal circulations and convergence in the
Andean boundary layer.
Analysis of the considered statistical indicators indicated that the bias of the model was negative
for extreme precipitation events, as the model underestimated precipitation by ~50% and 60% during
the selected extreme event cases. In this sense, the complementary experiment that described
the relation between the biases and the observed rainfall accumulations showed that the model
began to underestimate rainfall when accumulations exceeded approximately 11 mm. Of the
studied cases, more than 95% recorded an average rainfall above 12 mm. In general, the model
underestimation is greater in the southern and western sector of the basin and in the stations located
on the mountain range.
The case studies suggest that one of the causes of rainfall underestimation relates to the inability
of the model to generate early-morning convection in the upstream Amazon region, which is an issue
apparently related to larger-scale or synoptic processes. Another influential factor is that vertical
velocities produced by the model are not sufficiently precise enough to generate the associated
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cloudiness and precipitation. Another element worth exploring is the ability of the microphysical
scheme to generate precipitation totals large enough to qualify as extreme events in the Mantaro basin.
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